ABSTRACT Objectives: To investigate the differences between a questionnaire-based and accelerometer-based sitting time, and develop a model for improving the accuracy of questionnaire-based sitting time for predicting accelerometer-based sitting time.
INTRODUCTION
There are several hints in the literature which say that prolonged sitting time is associated with all-cause mortality, 1 2 cardiovascular and metabolic diseases, 1 and chronic diseases such as cancer 1 3 and obesity. 4 Consequently, it is recommended to limit daily the time spent sitting. 1 5 However, most of these findings are based on questionnaire-based sitting time which have been criticised for giving systematically biased and imprecise estimates compared with objective measurements of sitting. 2 6-8 Previous studies have found low-to-moderate correspondence between questionnaire-based and accelerometer-based sitting time. 6 8 9 However, these studies are either based on few participants or limited accelerometer measures of sitting time. [8] [9] [10] Therefore, there is a need to further investigate the correspondence between questionnaire-based and accelerometer-based sitting time.
Despite potentially being inaccurate and biased, 11 the questionnaire-based sitting time will still be needed in large-scale cohort studies and surveillance because it is inexpensive, easy to administer and does not affect the behaviour of the participant. 12 Thus, it is of value to investigate if it is possible to improve the predictive ability of questionnaire-based sitting time by developing a statistical model estimating accelerometer-based sitting time.
Strengths and limitations of this study
▪ Use of a relatively large objective data sample including 9560 valid hours with around 400 days. ▪ Use of accelerometers and Acti4 software with high sensitivity and specificity for determining sitting. ▪ Inclusion of the study population of only bluecollar workers limiting the generalisability of the results. ▪ Findings specific to the single item questionnaire of sitting duration used in this study.
Prediction models to estimate accurate measurements have gained attention in the field of body composition 13 and occupational hygiene 14 but are rarely used in the field of sedentary behaviour.
Thus, the main aim of this study was therefore to (1) investigate the agreement between sitting time measured by questionnaire and accelerometers during free living, and (2) build and evaluate a statistical model to predict accelerometer-based sitting time using questionnairebased sitting time and other available self-reported measures.
MATERIALS AND METHODS Study design and population
Workers were recruited from seven workplaces in Denmark engaged in blue-collar occupations from the cross-sectional 'New method for Objective Measurements of physical Activity in Daily living (NOMAD)' study. 15 NOMAD was planned to develop and test techniques for collecting valid, objective measurements of physical stress and strain ( physical activity and exposure) and compare them with self-reported exposure measures. Information about design, methods, and inclusion and exclusion criteria are described in more detail elsewhere. 15 16 Blue-collar workers with varying physical exposures at work (ie, construction workers, cleaners, garbage collectors, manufacturing workers, assembly workers, healthcare workers and mobile plant operators) were recruited from workplaces (conveniently) chosen through contact with trade unions and safety representatives. Workplaces were considered eligible if the workers were allowed to participate in the study during working hours. The collection of data was conducted from October 2011 to April 2012.
The study was conducted in accordance with the Helsinki declaration. Informed consent was obtained from all individual participants included in the study.
Procedure
Data collection was conducted over 4 days with research staff visiting the workers at the workplace on days 1 and 4. On the first day, workers interested in participating in the study underwent anthropometric measurements, completed a questionnaire for the information on various candidate predictors and were equipped with accelerometers. On day 4, workers returned the accelerometers and completed a short questionnaire on duration spent on different sedentary and physical activities including an item regarding self-reported sitting time.
Questionnaire-based sitting time Workers responded to the following question: 'How long time per working day (24 hours) did you spent sitting (including transportation)?' Workers were instructed to take into account the sitting time during the accelerometer wear period and provide a total number of hours and minutes spent sitting. Using similar items, workers were also asked to report their physical activities (slow and fast walking, biking and running time) during a whole day. Subsequently, responses were verified and adjusted for missing values and converted into total minutes. These single items are inspired by the International Physical Activity Questionnaire (IPAQ) 17 and modified Monica Optional Study of Physical Activity Questionnaire. 18 Accelerometer-based sitting time Field measurements using two accelerometers (Actigraph GT3X, ActiGraph LLC) for ∼4 consecutive days (4×24 hours), a period generally covering at least two working days, were performed.
By using Fixomull (BSN Medical GmbH, Hamburg, Germany), a double side tape (3 M, Hair-Set, St. Paul, Minnesota, USA) and a waterproof film (OpSite flexifix, Smith & Nephew, London, England), two accelerometers were placed at the recommended and standardised position directly on the skin of the thigh and trunk. 19 20 One accelerometer was placed at the medial front of the right thigh, midway between the hip and knee joints. 16 19 21 The other accelerometer was placed at processus spinosus at the level of T1-T2. 16 20-22 The workers were instructed (1) to take off the accelerometers if they caused itching or if any other kind of discomfort such as disturbed sleep occurred, (2) to perform a reference measurement in an upright standing position for 15 s every day, and (3) to fill in a short diary every day with working hours, time in bed (going to bed, to sleep, and getting out of bed), non-wear time and time of reference measurement. 23 Initialisation of the Actigraph for recording and downloading of data was carried out using the manufacturer's program (Actilife Software V.5.5, ActiGraph LLC, Pensacola, Florida, USA).
The accelerometer data were further analysed using the Acti4 software, estimating the type, duration, intensity and variation of physical activities (walking, running, cycling) and body postures (standing and sitting) across the day(s) with a sensitivity and specificity of more than 98% and 99%, respectively. 19 In short, accelerometer data are first low-pass filtered with a 5 Hz fourth order Butterworth filter and then split up into 2 s intervals with 50% overlap. Afterwards, the individual's reference measurement (ie, standing in an upright position for 15 s on every measured day) and values of the thigh and trunk accelerometer were used to obtain the coordinate transformation between the axis of the accelerometers and the orientation of the thigh and trunk. The occurrence of sitting postures was identified according to the procedure from Gupta et al. 16 The sitting posture was defined as the posture in which the inclination of the thigh accelerometer is above 45°and the trunk accelerometer is below 45°. 16 19 Acti4 has determined sitting posture during free-living conditions with a sensitivity and specificity of 98% and 93%. 19 All non-working days and non-wear periods were excluded from the analysis according to the previously described procedure. 16 23 Only Actigraph recordings including bedtime from days with a minimum of 23 valid hours were included in the analyses. Subsequently, the sitting time per day was calculated as the average of the sitting measurements within 24 hours on all valid days.
Candidate predictors for building the statistical model As there are not many studies conducted before investigating the potential bias factors of specifically selfreported sitting time, we chose potential predictors which could be theoretically associated with both sitting time and physical activity. Potential predictors for measured sitting time were based on previous studies, which were demographical (age and gender), [24] [25] [26] lifestyle related (body mass index (BMI), smoking status and dietary habits), [25] [26] [27] physical activity and demands related (standing still at work, sitting at work, walking duration on working days, and leisure-time physical activities), 24 28 work related (rating of perceived exertion (RPE), influence at work, and physical fatigue 16 28 29 ) and health related (lower back pain) 16 variables. Age was determined by a unique Danish personal identification number while gender was determined using a question. BMI was calculated from objectively measured height and weight and categorised as normal (≤24.9), overweight (25-29.9 ) and obese (≥30). Smoking status was determined according to previous studies and categorised into non-smokers, light smokers (≤15 g of tobacco) and heavy smokers (>15 g tobacco). 30 RPE was determined using a single item 'How physically demanding do you normally perceive your working situation?' 22 with a modified scale of 0-9. Self-reported leisure time physical activity (LTPA) was measured according to previous study 31 and dichotomised into low and high LTPA. 32 Influence at work (decision authority) was determined according to the procedure explained in Gupta et al. 15 Workers reported their pain intensity in low back on a scale from 0 (no pain) to 9 (worst pain). 16 The workers reported the proportion of working time spent sitting and standing still on a scale of 1 (almost all the time) to 6 (almost never). 33 Physical fatigue was determined using single item 'How physically rested do you feel when you wake up in the morning? Think of the mornings where you have been at work the day before?' with responses ranging from 1 (almost always) to 5 (never). 34 Dietary habits were determined using single item which was inspired by a previous study, 'How often do you usually eat and/or drink candy, ice cream, chocolate, soft drinks?' with responses from 1 (daily) to 4 (rarely). 35 
Statistical analyses
All statistical operations were performed using the R software (R: A language and environment for statistical computing [ program] . Vienna, Austria: R Foundation for Statistical Computing, 2014). The level of agreement between questionnaire-based and accelerometer-based sitting times was investigated with Bland-Altman plots 36 and their constant and regression-based limits of agreement were calculated. 37 Prediction model building A hierarchical cluster analysis on the candidate predictors was performed using Hoeffding dependence measure since it offers the possibility of including continuous as well as categorical variables in the analysis. 38 The number of clusters was decided among the authors on the basis of the cluster analysis's dendrogram and the available degrees of freedom for statistical analysis. From each resulting cluster, the variable with the largest relative dispersion indicated by largest coefficient of variation was chosen.
For building the prediction model, a 'crude' model was developed fitting the accelerometer-based sitting time as outcome with questionnaire-based sitting time as predictor using a least square regression analysis. Next, a 'full' model including all chosen variables from cluster analysis, together with questionnaire-based sitting time was fitted using multiple least-squares linear regression. In the model, the accelerometer-based sitting time was entered as outcome while all chosen variables from cluster analysis were entered as predictors. The performance of all crude and full calibration models was evaluated by the coefficient of determination (R 2 ) and R 2 adjusted for the number of terms in the model and the mean square error (MSE) of estimation (ie, the apparent performance). The residuals of the model were scrutinised for being normally distributed and homoscedastic.
Prediction model validation
To evaluate the developed statistical prediction model, a separate resampling validation using ordinary bootstrapping with 500 resamples was used first. For each of the 500 bootstrap resamples, we fitted a model containing the same predictors as those used in the original model. This refitted model was then applied to the original data set, and the model fit parameters were compared with the corresponding parameters obtained in the original model fit. The differences, that is, the 'optimism' of the original model, were averaged across all bootstrap data sets, and this difference was used as an overall measure of optimism, reflecting the extent to which the original calibration model capitalised on chance. The apparent performance of the original model was then adjusted for the estimated optimism to arrive at an expected performance of the model on new data sets. Second, the model was also evaluated using the splitsample validation method. 39 About two-thirds of the workers were randomly assigned to a 'development' group and the remaining to a 'testing' group. The resulting statistical model on the development group was evaluated in the testing group for prediction of accelerometer-based sitting time.
The validity of the models was evaluated by the goodness of fit, reduction in SD of the difference between accelerometer-based and questionnaire-based sitting time, and minimal systematic bias shown in the Bland and Altman plot graphing difference between measured and predicted accelerometer-based sitting time against their average.
RESULTS

Characteristics of the study population
Out of 358 blue-collar workers who offered participation, 183 (51%) workers who answered to the single item sitting duration and who had at least one valid day with accelerometer-based measurements of ≥23 hours were included in the final analysis (see online supplementary figure A) . No significant differences were observed for the age, gender, job seniority, working hours, height and weight between the participants included (n=183) and not included (n=175) in the analysis of this study (results not shown).
In total, workers were measured for 9560 valid hours and on average, workers included in the statistical analyses wore the accelerometer for >2 days with ≈24 hours of measurements per day.
The characteristics of the study group are shown in table 1. Workers were on average 45 years old and a higher proportion of workers were males (60%). Workers were exposed to a wide range of sitting time (157-851 min) on working days based on the accelerometer measures. The questionnaire-based sitting time was materially lower than accelerometer-based sitting time (table 1) .
The Bland-Altman plot in figure 1 shows that the questionnaire-based estimates of sitting time were significantly underestimated, that is, bias of ∼204 min (≈43%) compared with the accelerometer-based measurements. Both constant and regression-based and limits of agreement were wide, indicating a large interindividual variation between the two measures of sitting time. We found a weak pattern of increasing mean difference between accelerometer-based and questionnaire-based sitting times with increasing average sitting time (R 2 =0.02, p=0.04). Additionally, a low positive Pearson correlation was observed between the two measures of sitting time (r=0.32, p<0.001). RPE: 0=not hard work, 9=maximal hard work; influence at work: 0=no influence, 100=highest influence at work; LBP intensity: 0=no pain, 9=worst possible pain; dietary habits: 1=daily, 4=rarely; physical fatigue: 1=almost always, 5=never; sitting duration at work: 1=almost all the time, 6=never; standing still duration at work: 1=almost all the time, 6=never; we did not include self-reported biking and running time as potential predictors due to many missings in the data. *The data handling strategy was inspired by the IPAQ cleaning guidelines. 40 BMI, body mass index; IPAQ, International Physical Activity Questionnaire; LBP, low back pain; RPE, rating of perceived exertion.
Prediction model development
The variables BMI, gender and smoking status were treated as categorical variables and the remaining as linear variables. The dendrogram (see online supplementary figure B) obtained from cluster analysis revealed nine clusters of the variables. Based on the results of relative dispersion of the variables in each cluster, we chose BMI (cluster 1), smoking status (cluster 2), RPE (cluster 3), sitting duration per day (cluster 4), influence at work and slow walking duration per day (cluster 5), low back pain intensity (cluster 6), dietary habits (cluster 7), fast walking duration per day (cluster 8) and gender (cluster 9). The reason for choosing both variables from cluster 5 was that both variables contributed with different type of information. The final model (Equation 1) was
a 2 ðSmoke ¼ iÞ þ a 3 ðGender ¼ iÞ þ a 4 RPE þ a 5 sitting duration þ a 6 influence at work þ a 7 slow walk duration þ a 8 LBP intensity þ a 9 dietary habits þ a 10 fast walk duration þ [
Where α 0 is the intercept and α 1-10 are the regression coefficients for all predictors. In the equation, BMI=I and smoke=i equals 1 if the category is 'normal' and 'non-smokers', respectively, and 0 otherwise; ɛ is the random error term. Table 2 shows the result of the statistical prediction model using the linear least square regression analysis, first only fitting questionnaire-based sitting time (crude model) and later all chosen variables from cluster analysis (full model) as potential predictors of the accelerometer-based sitting time. Questionnaire-based sitting time only explained 10% of the variance of the accelerometer-based sitting time. By including chosen potential predictors, the explained variance increased to 41% (R 2 adjusted for terms in the model=37%). Figure 2 describes the association of accelerometerbased sitting time with questionnaire-based sitting time and predicted accelerometer-based sitting time using the statistical prediction model.
Bootstrapping validation
Validation using resampling bootstrapping resulted in a corrected estimate of R 2 of 32% and MSE of 12167.0. The relative difference between the original and corrected estimates was 9.7% (ie, optimism) when bootstrap models were applied on the original data set.
Split validation
The full model (equation 1) was fitted on the development group of about two-thirds of the workers (n=132). Using the resulting estimates, the accelerometer-based sitting time was predicted in the remaining workers (n=51). Using the developed model from the development group, the mean and SD of the difference between accelerometer-based and questionnaire-based sitting times decreased from ≈184 min to only ≈66 min (decreased by 64%) and from 178.0 min to only 103.9 min (decreased by 42%), respectively, in the testing group. Furthermore, the application of the prediction model improved the accuracy of questionnairebased sitting time in the testing group from 10% to 36% (figure 3) in predicting the measured accelerometerbased sitting time. The Bland and Altman plot in the testing group indicated no systematic bias, lower mean error and narrower limits of agreement due to the prediction using the developed model ( figure 3) , compared with questionnaire-based sitting time.
DISCUSSION
This study compared sitting duration (ie, 24 hours) measured via self-administered questionnaire-based and accelerometer-based methods previously shown to have a high sensitivity and specificity in estimating sitting time during free living. 19 Results showed a poor correspondence and level of agreement between these methods of sitting time. Additionally, a statistical prediction model based on questionnaire-based sitting time explained only 10% of the variance in accelerometer-based sitting time. However, the explained variance was shown to increase to 41% with inclusion of BMI, smoking status, gender, RPE, influence at work, slow and fast walking duration, low back pain, and dietary patterns in the statistical prediction model. The validation using resampling bootstrapping resulted in about only ≈10% optimism. The crossvalidation based on the resulting statistical prediction model from the development group (n=132) decreased the mean and SD of the difference between the accelerometer-based and questionnaire-based sitting times by 64% and 42%, respectively, in the testing group (n=51) without introducing any systematic bias and decreasing the actual variation of the sitting time ( figure 3 ). Our finding shows a low correspondence (r=0.32) between questionnaire-based and accelerometer-based sitting times, indicating a large error associated with questionnaire-based measurements. Beside the low correlation, the questionnaire-based sitting time was underestimated compared with accelerometer-based sitting time by ≈204 min per day (≈57%) along with wide limits of agreement (−139.8 to 547.8 min) between the measurements. Similar findings of low correlation between questionnaire-based and accelerometer-based sitting times and an underestimation of self-reported sitting time and wide limits of agreement were also observed in previous studies using Actigraph 6 7 10 41 or ActivPAL 11 42 as criterion measure. The accuracy of our questionnaire is comparable to most available questionnaires such as IPAQ short (r=0.07 to 0.61) and long (r=0.14 to 0.49), Global Physical Activity Questionnaire (r=−0.02 to −0.40), Australian Women's Activity Survey Questionnaire (r=0.32), Recent Physical Activity Questionnaire (r=0.27), Activity Questionnaire for Adults and Adolescents (r=0.15), and Sedentary Behavior Questionnaire (r=0.02 to 18). 43 Since the observed large error and under-reporting of sitting time per day using questionnaires can lead to misclassification of exposure to sitting time, 44 questionnaire-based sitting time should be used and interpreted with great care.
Despite the limitations, the questionnaire-based sitting time is still widely used in its 'raw' form in national surveys and large epidemiological studies. Thus, alternative ways to improve the questionnairebased sitting time are needed. To the best of our knowledge, this is the first study to develop a statistical model to improve questionnaire-based sitting time. When only including questionnaire-based sitting time in the statistical model applied on the whole study group (n=183), only 10% of the variance in the accelerometer-based sitting time was explained. However, inclusion of BMI, smoking status, gender, RPE, influence at work, slow and fast walking duration, low back pain, and dietary patterns in the statistical prediction model substantially increased the explained variance to 41% (R 2 adjusted=0.37). This finding indicates that inclusion of the aforementioned variables in a statistical prediction model improves the precision of questionnaire-based sitting time. The model can be used in predicting objectively measured sitting time based on the combination of the predictors in the model. For example, a 32-year-old male worker who is obese and a non-smoker reported RPE of 8 on a scale of 0-9, influence at work of 37.5% on a scale of 0-100%, eating poor diet 1-2 times/week (3 on a scale of 1-4), and reported sitting in 240 min, slow walking in 540 min and fast walking in 120 min per day, was predicted via our full model to be sitting for 402.8 min per day according to objective measurements.
Although the large improvement in the accuracy seems promising, there is still a large unexplained variance in the accelerometer-based sitting time. This could be explained by the additional predictors which were not available in our study, such as psychosocial variables. 26 We therefore encourage future studies to explore additional predictors which could increase the explained variance of accelerometer-based sitting time. Not all the predictors of our full model are the most commonly used variables in large epidemiological studies and surveys. Thus, we developed a new prediction model based on commonly used variables (ie, age, gender, BMI, smoking status, low back pain and self-reported sitting time) which resulted in an explained variance of 25% (R 2 =0.22; see online supplementary table A). Although the improvement could be higher by using the full model, the crude model or the model based on commonly available variables at least gives an opportunity for calibrating the previously collected data on questionnaire-based sitting time.
For a prediction model to be useful, it should perform well in the original data set, and also in new samples of data. Therefore, we used the cross-validation methods to investigate the validity of the statistical prediction model.
The results of bootstrapping validation resulted in 10% decrement and 18% increment in R 2 and MSE, respectively, which indicates that the model is not much biased, and gives moderately accurate estimates. Additionally, using the developed model based on a random sample of 75% of the study population (the development group, n=132), the difference between the accelerometer and questionnaire-based sitting time decreased from ≈184 to ≈66 min in the testing group (n=51). Also, the model did not introduce any systematic bias in the improved questionnairebased sitting time, and the variation of the accelerometerbased sitting time and improved questionnaire-based sitting time was comparable. These results support the internal validity and generalisability of our developed statistical prediction model for improving the precision of questionnairebased sitting time. However, because the study population only includes blue-collar workers, the results cannot be directly generalised to other populations. This finding also shows the importance of taking the applied predictors into account in analysing and interpreting questionnaire-based sitting time in surveillances and epidemiological studies.
Strengths, limitations, future recommendations and practical implications of the findings
The main strength of this study is the use of a relatively large objective data sample including 9560 valid hours with around 400 days measured in the analysis. Another strength of the study is addressing the inherent limitation of Actigraph software to determine sitting time. Actigraph-based software uses a threshold of 100 counts per minute to identify sitting posture which has been heavily criticised due to its inability to accurately differentiate sitting from standing postures. 45 This leads to incorrect information about temporal patterns of sitting. 45 Therefore, we used Acti4-a posture recognition software which has shown to determine sitting time during freeliving conditions with a high sensitivity and specificity. 19 Another strength was the use of cluster analysis to reduce the number of predictors in the statistical model without giving any consideration to their relationship with accelerometer-based sitting time. Further strength of the study was that the recall period of the questionnairebased sitting time was identical to the wear period of the accelerometers.
A limitation is the study population of blue-collar workers which limits the generalisability of the results. Additionally, our findings are specific to the single-item questionnaire of sitting duration used in this study. The main aim of this study was not to produce a simplified model including fewest variables possible, and we therefore recommend performing simplification of the developed model in the future for convenience in different studies. Before we could recommend using the developed model to improve the questionnaire-based sitting time, the validity of the developed model should be tested in a different study population.
Even if our prediction model could explain only 41% variance of the accelerometer-based sitting time, it can be used for predicting the accelerometer-based sitting time in future studies where data for all predictors are collected instead of measuring the sitting time using a questionnaire. Our model can also be used to perform retrospective prediction of accelerometer-based sitting time in previous studies where data on all predictors are available. Since the accuracy of the questionnaire used in our study is comparable to other questionnaires, we expect to obtain similar predictive accuracy of our model when using other questionnaires, albeit it needs to be tested in future studies.
CONCLUSION
Our study showed a low correspondence and agreement between questionnaire-based and accelerometer-based sitting times. The developed statistical predictive model on the whole population increased the explained variance in accelerometer-based sitting time from 10% using only questionnaire-based sitting time to 41%. A bootstrapping and a cross-validation supported the validity of the developed prediction model. Thus, the developed statistical prediction model in this study provides a possibility for improving questionnaire-based sitting time among blue-collar workers.
